Abstract-We introduce a new method for estimating the position and direction of receiving elements of a Real-Time Location System (RTLS). We deployed an autonomous robot and an Evolutionary Algorithm (EA) for this problem. The adopted operations and fitness calculation of the EA are presented for an Angle of Arrival (AoA) system and the results of simulation and real experiment setup were shown. Further problems of implementing in a real scenario were discussed.
I. INTRODUCTION
Not only in many areas of production, but also in providing different services to customers at several locations, the position of an object gets more and more valuable to know. To localize such objects, the Fraunhofer Institute for Integrated Circuits (IIS) in Erlangen Germany develops systems for tracking objects with wireless mobile transmitters.
Such a localization system makes it possible to locate the position of various objects assembled with wireless transmitters, like goods in warehouses or tracking participators and equipment in sport events. A system constructed to perform in real-time is called a Real-Time Location System (RTLS) which allows to intervene in or monitor the observed process.
Techniques such as Global Positioning System (GPS) or the currently built Galileo [1] , [2] , [3] , are lacking in accuracy for special purposes or are not available in special environments like indoor scenarios (e.g. in warehouses). To meet such demands, an RTLS has to rely on its own infrastructure which needs separated installation routines for each setup, especially for mobile systems (for instance sport events). The arising problem is the quick and accurate measurement of the system's components, especially the pose (position and direction) of the receiving elements to initially configure and setup the RTLS.
In this paper, we present a novel autonomous method for measuring and computing the pose of the receiving antennas. We archive this by using an autonomous robot ( Figure 1 ) for measuring and collecting the data and an Evolutionary Algorithm (EA) for computing the pose. The EA promise a more straight forward approach for this problem, because for mathematical solutions nonlinear equation systems have to be solved where the data additionally contains noise. Investigations showed that some approximation would also be necessary to solve the equations. This publication covers our results of the EA approach and shows the developed algorithm on an Angle of Arrival (AoA) system in the 2-D case. Simulation and real experiments show the ability and accuracy of the first implementation of the described method.
The rest of this paper is organized as follows: The next section outlines related work. Section 3 describes the techniques used for the depicted novel method. Afterwards in section 4 we present our results of experiments in simulation and with the real system.
II. RELATED WORK
To the best of our knowledge, there are no publications about the setup process of localization systems available. Today the investigations are done in the localization techniques itself. A little group of researchers are engaged in calibration of Ultra Wide Band (UWB) localization systems. Merkl et al. [4] simulate e.g. the phase centers of antennas to calibrate an UWB system were the direction of the antennas is needed to know. Not scientifically published but currently used techniques are measurements with laser systems where the process is operated by man. No autonomous methods without a-priori knowledge have been published yet.
III. BACKGROUND
To understand the presented method in Section IV we now introduce some basic elements/instruments which build the basis of our approach. Figure 1 shows the information flow between all involved components where three main components compose our method:
• one receiving element of the RTLS • an autonomous robot • an Evolutionary Algorithm The rest of this section gives an introduction into the used techniques and describes deployed components in detail. The section can be skipped, if you are already familiar with these topics.
A. Receiving elements
The receiving elements are part of the RTLS. To localize a wireless mobile transmitter, the RTLS has to know where the antennas of each receiving element are located (position of antenna) and which orientation (direction of antenna) they have. For our method, it is essential that one receiving element delivers one or more localization data about the wireless transmitter depending on the used localization technique [5] :
• Angle of Arrival (AoA) As shown in step two of Figure 1 , the receiving element sends its localization data (ToA, RTT and/or AoA) to the RTLS and to the EA (explained below). To prove and evaluate our explained method, we build up a test scenario with an AoA system designed by the Radio Frequency (RF) department of the Fraunhofer Institute [6] . This system operates at 2.4 GHz band and can determine the angle of the received wireless signal relative to its own position and orientation. Due to the different position calculation methods of localization techniques, the fitness calculation described in Section IV-B needs to be adopted, to be able to transfer our method on other localization systems.
B. Autonomous robot
An autonomous robot is deployed in our method to perform an autonomous drive in order to collect the localization data on different positions. The robot calculates its own position via odometry [7] and delivers it with the corresponding localization data to the EA. Odometry has a big disadvantage of losing accuracy over the traveled distance. This problem is taken up in the real experiments in Section V. The robot is designed to drive automatically to predetermined positions and has a wireless network connection Wireless Local Area Network (WLAN) for communication with the whole system. The robot has six infrared sensors attached, which measure the distances to obstacles to avoid collisions. Figure 2 shows our robot with an unidirectional antenna, which is needed to accurately localize the robot. The deployed AoA system is able to determine the localization data from periodically emitted wireless signals of the WLAN interface of the robot.
C. Evolutionary Algorithms Introduction
In situations where an analytic solution of a problem is impossible or, for reasons of efficiency, cannot be found without unreasonable effort, evolutionary algorithms are often used in order to find the best possible approximation. Evolutionary algorithms are inspired by natural evolution [8] and are often used to solve optimization problems. These algorithms are based on the collective adaptation and learning ability of individuals. Each individual has two different types of representation: the genotype is the representation of the individual during variation, the phenotype is used for fitness evaluation during the selection phase.
Individuals form a population and each individual represents a possible solution of the problem. At the beginning, the individuals in the population are initialized randomly and they can be modified by the operators selection, mutation and recombination. These modifications lead to individual's evolution; during the process better and better individuals appear. Thus in later generations individuals representing better solutions are more likely to appear. The process of EA can be seen in the Figure 3 .
Besides the common features of the algorithm, there are various aspects which have to be taken into account for specific application. The success or failure of this process is very important for the efficiency of the respective systems and for the quality of the results obtained:
• transformation between phenotype and genotype, • fitness evaluation, EA Figure 3 . The evolution process
• variation operators and
The main types of evolutionary algorithms are evolutionary strategies ( [9] , [10]), genetic algorithms ( [11] , [12] ) and genetic programming ( [13] ).
IV. AUTONOMOUS CONFIGURING PROCEDURE
Our aim is to determine the configuration parameters for the RTLS. That means, we want to know where the antennas are and which direction they have. An RTLS is able to calculate the position of a wireless transmitter with the position and direction information about two or more antennas of its receiving elements (2-D case).
The following section describes our developed autonomous configuring procedure for an RTLS and how the parameters of one of these elements are determined. This method can be extended to more receiving elements by measuring the localization data for more than one element at one time and afterwards running the EA for each element individually.
The procedure of determining the configuration parameters for one receiving element of the RTLS can be divided into two phases: 1) Measuring the environment 2) Calculation of the antenna position The first step is independent of the following calculation. That means, the calculation can be done off-line and on a different machine like in our first approach.
A. Measuring the environment
During the measurement phase, the robot collects n data points, including the position of the reference point L i (x i , y i ) (point where the measurement is done) and the corresponding measured angle β i , called Angle of Arrival (AoA), from the localization system to the robot with i ∈ [0; n] N . The robot steadily emits signals for the localization At first, the robot is manually placed at a known initial point with a specified orientation. The measurement phase is started and the robot receives the first angle β 0 from the localization system and stores it with the position L 0 (0, 0) in the database. L 0 is the first reference point and all the others will be calculated relative to these coordinates via odometry by the robot itself. In our experiments, it is set to the coordination origin (point L 0 in Figure 4) . The origin could be transformed to any other point after the algorithm is finished. After this step the robot drives to a random selected point L i (x i , y i ) within a specified boundary (A 1 ). When the robot has arrived, a new measurement is done and the angle and the position of the robot are inserted in the database. This step is repeated n − 1 times.
B. Calculation of the antenna position
The main part of the presented method is the EA. It takes the measured localization and position data of the robot and outputs the position and direction (pose, L(x, y, α) in Figure 4 ) of one receiving element. Additionally it reports how accurate the computed result is.
We implemented a framework for the EA based on the prototypical generic algorithm described by Mitchell in [14] , shown in Algorithm 1. Our evaluation process and individual representation are explained below: Individual I(x, y, α) is represented by the position x, y and the orientation α of the antenna. α is defined as the positive angle between the x-axis and the zero degree point of the antenna measured in radian. x and y are measured in mm, α in degree. The number of individuals at one iteration of the EA is called a population P . Fitness F (I) for one individual I is computed by simulating the AoA
Algorithm 1: Evolutionary Algorithm input : Positions L n with corresponding measured angle β n output: P osition and Orientation of antenna
h ←− Evaluate(P ) 
to each measured position x n , y n of the robot in relation to the assumed antenna position of the individual x I , y I and compared with the measured AoA β n by quadratic error.
At each iteration of the EA a successor population P S of individuals I is generated. Like the generic approach in [14] we construct the new individuals by three operations: a) selection, b) crossover and c) mutation. Due to our task we adapted the operations as explained below: Selection: At each iteration a group of surviving individuals P sel is selected from the old population P by the following rules:
• keep the best individual,
individuals with probability
according to the fitness of individual I. (r: recombination rate, p: population size). Crossover: Additionally to the selected members P sel ,
pairs of individuals are generated by crossing members of the old population. This is done for each pair by probabilistically choosing two parents I 1 and I 2 from population P , according to Equation 5 . From I 1 and I 2 , two offspring individuals I 1 and I 2 are derived and are added to the population P cross .
The offspring is a weighted mean of its parents. For this purpose, a randomly selected weight a in [0; 1] is chosen. The offspring I 1 (x 1 , y 1 , α 1 ) and I 2 (x 2 , y 2 , α 2 ) is then derived by:
with
Here a little variation ε in crossing α is added for a better variation, especially if the two parents have nearly the same values. An evaluation of possible values proved ± π 40 as a good setting. These generated individuals are summarized in population P cross and compose with P sel the successor population P S with the desired size of p members. Mutation: A certain fraction m of P S is then mutated (m: mutation rate). One mutation affects only one randomly selected attribute of each mutated individual. In case of attribute x or y a randomly chosen value in [−100; 100] or for α a value in [− π 6 ; π 6 ] is added. The range is selected as approximately 10% of the localization area. After this step the population P S is now called the new population P where the fitness function ∀I ∈ P : F (I) is now applied again.
The algorithm stops when the fitness F of the best individual of one iteration falls below a certain threshold F T or the number of iterations reach an upper limit n. The best individual I win (x, y, α) represents the assumed antenna pose L with position (x, y) with orientation α.
V. EXPERIMENTS
In this section, we discuss the results obtained from simulating and measuring the real system with the presented method. The method depends on several parameters, shown in Table I . First, we determine the best starting set of parameters for the EA by simulation. Secondly, we show the best statistical parameters for the method with an ideal selflocalization of the robot. Additionally, the measurements of the real system will show the usability and precision of our method with a real localization system and give some hints of future work.
For both following experiments (simulation and real experiment) we consider an area of 2000 × 3000mm where the robot can move freely within. The antenna is located outside this area on different positions, looking into it (like Figure 4) . 
A. EA parameters
The EA is configured by three main parameters: The population size (p), mutation rate (m) and recombination rate (r), which affect the performance of the algorithm. Finding the best set of parameters is also an optimization problem and depends on the aim of the algorithm. For our task we want to get the best results optimized in respect to the computational effort which can be expressed by finding a set of parameters producing a minimum of error for the same time of execution.
In order to appoint the best parameters of the EA, we compared the simulation results for all feasible parameter sets. One set consists of the triple sets. We applied 30 scenarios for each set with a fixed number of four static reference points and a simulated AoA with a standard deviation of 2
• . The noise represents the diffusion of the real system and is computed with different random seeds inside one parameter set to get repeatable results. The scenarios include three different antenna positions and are run for a time limit of one second. This results in an simulation effort of x · 30 · 1 sec = 58080 sec = 16.6h. For each parameter set we calculate the median of the distance between the antenna's estimated position (x e , y e , α e ) and its real position (x r , y r , α r ) according to Equation 12 .
The distance from Equation 12 can be seen as an error function and is used in this context as the error of the estimated antenna position. We added the difference of the angle, weighted with 10, to the distance to give a numerical representation of the result's quality. A value of 10 is chosen to approximate the angle error in the same dimension as x and y. To differ the result from a real distance we sign the error distance D to the unit pt. Figure 5 depicts the simulation results. For visibility we deposed the mutation rate over the recombination rate, each with the best result of the population size parameter setting at m = 100% and r = 50% corresponding an p = 65. The mutation rate surprises because all individuals are mutated at each step. One explanation could be that the search space has its minima near to its maxima.
B. Simulation
The aim of this section is to prove the convergence of our method and get the starting parameters for the real experiment. For simplicity we exclude multipath effects (see [15] ) from our simulation model. Additionally, we adopt the self-localization of the robot to be ideal here. This error is covered in the real experiment in the next section.
The most influencing parameter of our method is the number of reference points the robot drives to. As explained above the robot looses accuracy over the traveled distance. To minimize the influence of this error, we have to find the statistically best number of reference points where we can obtain a good result for our system. We did three runs with different variance in the AoA (0.25
• , 1.0 • and 2.0 • ). Each run was repeated 45 times with different random seeds, once with random and once with static reference points. Figure 6 shows the median error for each variance from three to eight reference points (one and two reference points are excluded, because there isn't a mathematical result for the position). The error is measured by the distance from the simulated antenna position to the estimated antenna position of the EA also according Equation 12 . The figure shows a dramatical step from three to four reference positions and an almost constant error of about 50pt at random reference positions and 25pt at static points for more reference positions. The jump at four reference points can be explained by the inserting redundancy to the measurement. From four reference points, the constant error promises good results. Figure 9 shows a typical iteration process of the applied EA with noise in AoA measurement. At the first iteration, 
C. Real experiments
We prove our simulation results with real measurements on the explained AoA system and a robot. A picture of the experiment setup is shown in Figure 7 . The aim of the real experiment is first to prove the simulation results with the respect of all errors and secondly show the usability of our method.
Equal to the simulation we performed two different experiment series, one with static reference points and one with random reference points. We included three different antenna positions and repeated each measurement 15 times with five equal settings for the static respectively random reference position selection.
To avoid massive effort for executing the experiment we took eight reference positions at each run and afterwards calculate the results for n reference points (n = [3; 8] ) by taking the first n points from one run. Figure 8(a) shows the median error of the estimated position for the results with static and random reference points. The expected turning point of increasing the error with increasing reference points can be estimated by seven static reference points. A turning point in random reference points is not obtainable for the results. The characteristics of the results promise that despite the decreasing self-localization accuracy of the robot, the calculated antenna position increases in accuracy up to almost seven reference points.
At next we consider each parameter error (Δx, Δy and Δα) by itself. From the example of random reference points (Figure 8(b) ) we can obtain that x and y contain the main error. The angle α is estimated down to 6
• in median at seven reference points. The same can be obtained from the other experiments.
D. Discussion
The results of the real experiment show that the method works for initially configuring an RTLS with an accuracy (from Figure 8(a) ) of 400pt. That means according to our distance function (Equation 12), the position is not exceeding a distance of 40cm from the right position in one direction (x or y) and is never more then 40
• wrong in orientation (This is less possible in this case because the position will be also wrong). In relation to the dimension of our test area (approx. 2000 × 3000mm) the result is enough for some applications where high accuracy is not so important, but to satisfy systems with higher precision such as described in [16] , some post processing has to be applied. This could be done e.g. by some online calibration algorithms where 
VI. CONCLUSIONS
In this paper, we proposed a new method for autonomously configuring an RTLS without previous knowledge of the antenna position. Our approach is based on an Evolutionary Algorithm (EA) to calculate the position and direction of the receiving element of an RTLS. We applied the method on both, simulation and real scenario, where the results show a good performance with an AoA system in two dimensions. Due to the results our method is able to initially configure an RTLS where no previous knowledge of the position and direction of the receiving element is available.
To enhance the result some online calibration algorithm can be applied to satisfy requirements of RTLS with higher precision. The presented EA itself uses a uniform distribution over a restricted range for mutating the individuals. To speed-up the convergence of the EA other distributions will be evaluated, for example a truncated Gaussian distribution.
The presented implementation results are only for one receiving element. For position calculation of objects RTLSs normally needs more than one receiving element. In this case the measurement can be done simultaneously with the same run of the robot and afterwards the EA sequentially calculates the pose for all receiving elements. Also we see the potential to extend our algorithm for a full 3-D RTLS to be able to localize the height of objects, too.
Furthermore the results show that the reference points taken by the robot should follow some specific rules. At the moment our research group investigates on applying learning algorithms on this topic. For a real application the robot needs to detect obstacles and plan its route with this knowledge. Information about the surrounding area can additionally help localization systems to obtain a better performance. With the creation of maps with autonomous mobiles, e.g. with Simultaneous Localization and Mapping (SLAM) algorithms, our presented method could by extended.
